To measure the investment performance of a portfolio manager who may engage in market timing, it is necessary to consider both market level and volatility timing behavior as well as security selection ability. We develop and implement measures that accommodate all three components. A well specified measure of performance is the sum of the three components of ability. Estimating the measures on active US mutual funds, we find that allowing for market level and volatility timing, there is no evidence of investment ability at the level of broad groups of mutual funds, or when funds are sorted by expense ratio, return gap, active share or turnover. However, sorting by factor model R-squares confirms results in Amihud and Goyenko (2011), where the low R-square funds have better performance. 
Introduction
Researchers' attempts to measure the investment performance of portfolio managers have long been hobbled by market timing. If fund managers attempt to trade in anticipation of market-wide factors (market timing behavior), it has been known since Grant (1977) that security selection ability is hard to measure. If managers attempt to both time the markets and pick undervalued securities, it is hard to distinguish one skill from the other.
Commonly, market timing and selectivity performance are measured assuming only one type of ability exists. This leads to misspecification if both types of behavior may be present. Measures of performance that account for market timing have been developed, but these make very strong assumptions such as "perfect" timing ability of a stylized form, or the validity of a simple options pricing model. (See for example the discussion in Aragon and Ferson, 2008 .) Furthermore, measures that do attempt to accommodate timing behavior typically model the ability to time the level of market factors, but not to time market volatility. Busse (1999) documents volatility timing behavior in US mutual funds.
If both level and volatility timing behavior are present, models that leave out one of them are misspecified. 1 This paper develops and implements simple measures of performance that account for both market and volatility timing as well as security selection ability. A well-specified measure of total performance is a weighted sum of the three components. Using our new measures, we revisit the issue of US mutual fund performance.
The primary reason that previous measures of performance have trouble with market timing behavior is the nonlinearity it creates in portfolio returns. Classical 1 Cao, Chen, Liang and Lo (2011) consider both market and volatility timing for hedge measures of timing, such as Treynor Mazuy (1966) and Merton and Henriksson (1981) identify timing ability through this nonlinearity. One problem with assessing timing in this way is that there are many other sources of nonlinearity that may be unrelated to market timing (see for example, Chen Ferson and Peters (2010) for a discussion). Second, if timing is left out of a returns-based performance regression, the performance measure is biased when the missing nonlinear term is correlated with the included linear term. By using portfolio holdings instead of reported returns, we avoid these problems.
Our measures use portfolio weights, and are thus related to the rapidly developing literature on holdings-based performance measures that Titman (1989, 1993) kicked off. We develop the relation of our measure to previous weight-based measures, and point out sources of potential misspecification in those measures that our new measures can avoid. We show that holdings-based performance measures are misspecified if they leave out the volatility timing component. All previous studies, excepting Busse (1999) and Cao et al. (2011) to our knowledge leave out this component. Boguth et al. (2011) suggest that volatility timing may impart substantial biases to estimates of alpha. Aragon and Martin (2011) suggest that hedge funds may actively time volatility. Our measures extend the weight-based performance measures of Titman (1989, 1993) to accommodate volatility timing and selectivity in a parsimonious way. Only three parameters are needed for each mutual fund, which is much more tractable than returnsbased market timing models. This allows us to easily examine models with multiple benchmarks. 2 funds, but their returns-based approach is very different from ours. 2 Of course, using weights we do not exploit the information in high frequency mutual fund returns, which Bollen and Busse (2001) find helps to detect market timing ability. Ferson We implement our measures on a sample of US active, open-ended mutual funds. We find that when only level and volatility timing ability are measured in an asset allocation setting, the measures suggest weak negative timing ability that is not statistically significant, a finding consistent with a large literature on timing ability that does not include all the components of performance. When level timing, volatility timing and selectivity ability are examined jointly, we find no evidence of ability at the level of broad groups of funds. Sorting funds on expense ratios, turnover, return gap or active share reveals no significant performance, either. Sorting on factor model regression R-squares, following Amihud and Goyenko (2011), we confirm their finding that the low R-square funds deliver higher alphas and greater selectivity performance. With this exception, the findings seem to confirm the results of recent studies such as Fama and French (2010) , who find little evidence of performance based on traditional measures of alpha. Our results also suggest that Busse's (1999) finding of volatility timing behavior is not robust and that previous studies finding ability using weight based measures (e.g. Grinblatt and Titman (1993) , Daniel, Grinblatt Titman and Wermers, 1997) may have been biased by omitted variables.
The rest of the paper is organized as follows. Section 2 describes the models and their estimation. Section 3 describes our data. Section 4 presents the main empirical results and Section 5 concludes and offers suggestions for future research.
and Khang (2002) examine the power of weight-based approaches and find that the information in the portfolio weights offsets the loss of information in reported fund returns, and that measures using weights can be quite powerful. While we use daily stock return data in some of our analyses, combining these data with high frequency mutual fund data in a mixed-interval data analysis is a good topic for future research. By abstracting from costs, weight-based measures miss the possibility that the ability to trade at low cost may be a form of skill.
The Models
Consider a definition of abnormal performance, or alpha, based on the Stochastic Discount Factor (SDF):
where m is the stochastic discount factor and rp is the return of the fund in excess of a shortterm Treasury bill. This measure of performance goes back to Grinblatt and Titman (1989) , Glosten and Jagannathan (1994) and Chen and Knez (1996) who adopt specific SDF models. Ferson and Lin (2011) argue that if m is the client's marginal rate of substitution, Equation
(1) is the best way to specify a valid performance measure. We assume the SDF is given by popular linear factor models, following Cochrane (1996) :
where rB is a vector of K benchmark portfolio excess returns and a and b are market-wide parameters to be estimated. The simplest special case is the Capital Asset Pricing Model (CAPM, Sharpe, 1964) where K=1 and a broad market index is the benchmark. We start with equations (1) and (2) in their simple "unconditional" form and discuss conditional versions of the model below.
A Simple Asset Allocation Model
We start with the simplest model that emphasizes the two kinds of market timing ability in an asset allocation setting. Assume the fund forms a portfolio from the benchmarks with weights, w, set at the beginning of the period before the returns are realized, so the portfolio excess return is rp = w'rB. In this formulation, the "cash" position invested in the short term Treasury security is 1 -1'w, where 1 is a K-vector of ones. A simple performance measure follows by substitution of Equation (2) into Equation (1):
The first term of (3) captures market level timing through the covariance between the portfolio weights and the subsequent factor returns. The second term captures "volatility timing," through the relation between the portfolio weights and the second moment matrix of benchmark returns.
The benchmarks have zero alphas in (1) by construction when (2) describes the SDF: αB = a E(rB)' -b E(rBrB') = 0. We can use this to write the measure in (3) in terms of covariances:
where the notation Cov(w'rB) denotes the sum of the covariances between the weights and the corresponding future benchmark excess returns. In our estimation scheme, described below, we use Equation (4).
Equation (4) provides insight about and offers practical advantages over traditional measures. The first term in (4) is essentially the weight-based measure of Titman (1989, 1993) applied at the "asset allocation" level. Like their measure and its subsequent elaborations (see e.g., Daniel et al. (1997) , Wermers, 2000) , the measures focus on portfolio weights instead of the reported, after-fees-and-costs returns of the mutual funds. This measures manager ability on a clean, before-cost basis. The performance can then be compared with costs. Traditional returns-based measures of performance mix the after-cost returns of funds with the before-cost returns of the benchmarks, creating an "apples to oranges" comparison.
The analysis here shows that the original Grinblatt and Titman measure is misspecified in the presence of market timing behavior, because it excludes the volatility timing term. This is because their measure is developed under joint normality with homoskedasticity, so an informed manager never gets a signal that second moments will change. We evaluate the empirical impact of the missing timing terms.
Previous market timing measures, such as the classical quadratic regression of Treynor and Mazuy (1966) are difficult to apply for more than one or two benchmarks. This is because the regression includes on the right hand side the benchmarks, the squared benchmark returns, and with multiple benchmarks, the products of the benchmarks. With K benchmarks, there are 2K + (K 2 -K)/2 coefficients to be estimated. For example with three factors there are 9 slope coefficients plus an intercept in the regression for each fund.
This can be a degrees-of-freedom challenge when many mutual funds have short sample histories. In contrast, the second term of (4) uses the K x K second moment matrices of the benchmarks, aggregated through a single market-wide parameter, b, of length K, appropriate for their valuation by the model. This only requires two parameters for each fund; one captures market level timing and one captures volatility timing. 3 We must also estimate the market-wide parameters a and b and the mean E(rB), but these are identified from the benchmarks as described below, and are the same for each fund.
Security Selection
We now bring security selection ability into the model. Consider a factor model regression for the excess returns of the N underlying securities:
where β is the N x K matrix of regression betas and E(urB)=E(u)=0. Let the vector of idiosyncratic returns be the sum of the intercept plus residuals: v = a + u. Security selection ability means that the past portfolio weights of a fund are correlated with future values of v. A fund forms a portfolio of the N assets using weights, x, as:
Note that w'=x'β corresponds to the K-vector of asset allocation weights in the simpler market timing model. Our approach is to estimate these using a "bottom up" method and 3 If a manager times market volatility traditional returns-based measures are even more complicated. Consider a generalization of the Admati et al. (1986) model where the manager gets a signal that is informative about the level of the market and also about its future volatility. The portfolio weight is then related to the future market return and its square, and the portfolio return -the product of the weight and the market return --is related to the market as a cubic function. This adds cubic factors to the Treynor-Mazuy regression, further expanding the number of regressors and using up degrees of freedom.
daily data for the underlying asset returns and benchmarks, similar to Jiang, Yao and Yu (2007) and Elton, Gruber and Blake (2009) . Substituting Equation (6) into the definition of alpha we obtain:
The first two terms of each line in the equations (7) appear in equations (3) and (4) respectively, while the third term captures selectivity ability. The third term says that if the portfolio-weighted average of the idiosyncratic returns of the securities in the fund have a positive covariance with the marginal rate of substitution, they represent performance with positive value.
It helps to the break the last term of Equation (7) into two pieces for interpretation:
The first piece is a classical measure of selectivity; that is, the covariance between the portfolio weights and the subsequent abnormal returns, summed across the securities in the fund. The second term relates to information in the portfolio weights about future second moments and is priced using the coefficient, b, in the same way as the volatility timing ability. This term captures the possibility that managers' superior information reveals that the residuals of the factor model regression (5) may not be uncorrelated with the factors, conditional on their finer information. For example, a manager might have information that a stock is likely to have a large idiosyncratic return if the stock market return is high.
The selectivity ability in Equation (8) is zero when the portfolio weights have no information about the future idiosyncratic return, v, and no information about the product, vrB.
Relation to Previous Holdings-based Performance Measures
As mentioned above the first term of Equations (7) is essentially the weight-based performance measure first developed by Titman (1989, 1993 ) applied at the asset allocation level. To relate our measure more explicitly to the original Grinblatt and
Titman measure, substitute in the regression (5) and use x'β = w' to see that:
This expression shows that the Grinblatt Titman measure on the left-hand side of (9) leaves out the two terms related to information about the second moments that appear in our measure in (7). There is no volatility timing term, and the second component of selectivity in Equation (8) is missing. If information about time-varying second moments, as captured in our measure, is important, then the original measure is misspecified for these two reasons.
A number of popular performance measures in the literature essentially add and subtract pieces to the Grinblatt and Titman measure, which are interpreted as components of the total performance. A well-cited example is Daniel, Grinblatt, Titman and Wermers (DGTW, 1997) . In this example each security i held in a fund gets its own benchmark return, Rt bi at each period, t. In addition, the fund is assigned a set of benchmark weights equal to its actual holdings reported k periods before: xi,t-k. The DGTW measure is:
where Rt+1 bi(t-k) is the benchmark return associated with security i at time t-k. The first term is interpreted as "selectivity," the second term as "characteristic timing" and the third as the return attributed to the style exposure. The characteristic timing term is similar to our term that measures level timing. The DGTW measure does not capture volatility timing, so it will be misspecified if volatility timing is important.
If we take the security specific benchmark, Rt+1 bi in (10), as the analogue to the systematic component of return in our Equation (6), then the first term measuring selectivity in the DGTW measure is analogous to the first component of our selectivity term in Equation (8). We will compare the two measures below. Our equation (8) shows that the DGTW measure is misspecified as a measure of selectivity if the higher order effects, E(rBv'x) are important.
The original Grinblatt and Titman measure and the DGTW measure use unconditional covariances, and are also misspecified if conditional covariances given public information are important, as shown by Ferson and Khang (2002) . We therefore extend our measures to consider conditioning information below. We first describe estimation for the unconditional case. Then, the conditional case is a simple extension.
Estimation
We estimate the market-wide parameters a and b through the short-term Treasury return and the excess return of the benchmarks, as shown in Equations (11a-11b) below.
For each fund we estimate a market timing component, denoted below as αm, a volatility timing component α σ and a selectivity component, αS. The total alpha for each fund is then
The model is estimated using the Generalized Method of Moments (GMM, Hansen, 1982) through the following moment conditions:
In Equation (11e) we use the condition 0 = a E(rB)' -b E(rBrB') to avoid the need to estimate the parameters of the matrix E(rBrB'). Because the condition holds exactly at the parameter values that satisfy (11a) and (11b), no additional restrictions are imposed in using this condition. In Equation (11f), we use v= r -WrB, where W is the N x K matrix of bottom-up betas estimated using daily data for the stock returns and the benchmarks and v is an Nvector of the idiosyncratic returns of the stocks held. 4 The moment conditions state that E(ε)=E(ε1,ε2,ε3,ε4,ε5,ε6)=0. We use the optimal GMM standard errors with the delta method to get standard errors for the total performance measures.
The GMM system (11) is exactly identified and has a block diagonal structure with respect to the fund-specific performance parameters, which is particularly convenient for our application. Results in Farnsworth et al. (2002) imply that the estimates of performance for each fund, when the system is estimated separately for each fund as we do here, are numerically identical to using a full system with many funds stacked together, which is not feasible. If there is public information, Z, we can interpret all of the equations' expectations as conditional on Z. The parameters a and b will also be functions of Z. We discuss such conditional models below.
The Data
We study data for 1984-2010 from the Center for Research in Security Prices Mutual Fund database. We exclude fixed income, international, money market, sector and index funds, 5 focusing on active, US equity funds. We subject the fund data to a number of screens to mitigate omission bias (Elton Gruber and Blake 2001) and incubation and backfill bias (Evans, 2010) . We exclude observations prior to the reported year of fund organization, and we exclude funds that do not report a year of organization or which have initial total net assets (TNA) below $15 million in their otherwise first eligible year to enter our data set. We combine multiple share classes for a fund, focusing on the TNA-weighted aggregate share class.
We first focus our analysis on portfolios of funds.
We study US open-ended Equity, Asset Allocation and Balanced funds. These broad groups are determined using the with daily data, this caveat should be kept in mind when interpreting our empirical results. 5 We identify and remove index funds both by Lipper objective codes (SP, SPSP) and by searching the funds' names with key word "index." investment objective codes from CRSP. 6 To avoid a possible look-ahead bias due to strategic reporting of investment objectives (Sensoy 2009 ) we use the most recent, previously reported code to categorize the funds. When we use holdings data we merge the CRSP and Thompson holdings data using MFLINK and we lose about 8% of the funds (4% of the TNA) due to missing WFICN links.
We group funds according to several attributes, including the expense ratio, fund size (TNA), age, turnover, return gap, active share and factor model regression R-squares.
These are described more fully below.
We use daily returns data to estimate "bottom up" betas for the individual stocks held by the funds. The returns data are from CRSP. Our bond index is the Barclays US Aggregate bond index return. This is a value-weighted index of government and investment-grade corporate issues that have more than 1 year remaining until maturity.
We obtain daily data for the CRSP stock market factor, the Fama -French (FF, 1996) factors and the UMD momentum factor, from Kenneth French's web site.
Empirical Results

Market and Volatility Timing Using Asset Allocation Weights
We start with a simple case, where the CAPM is the benchmark model and we focus 6 US equity funds are defined as those with policy codes CS, Flex, I-S; Weisenberger objective codes GCI, IEQ, IFL, LTG, MCG, SCG, G, The performance estimates in Table 1 suggest insignificant "negative" market level timing ability for the combined active equity sample, and insignificant positive ability for the Asset Allocation group, which is similar to many studies of unconditional market timing ability. Market volatility timing ability is small and not statistically significant. The combined performance measure is also small, positive for the Asset Allocation group at 6 basis points per quarter, and not statistically significant, with a t-ratio of 1.81. We find similar results when we further break each group of funds into thirds on the basis of their expense ratios, turnover, size or age (these results are not tabulated).
G-I, G-I-S, G-S, G-S-I, GS, I, I-G, I-G-S, I-S, I-S-G, S, S-G-I, S-I, S-I-G
Possibly, the market timing model using only the market benchmark is misspecified, as funds might consider allocations to bonds, stocks and cash. Since stock and bond returns are correlated, leaving out the bonds could bias the market timing results. Our second example is a two-factor model, with a stock market index and the bond index. The funds' weights are measured as the fractions reported by CRSP for holdings in stocks and in bonds. The weight in bonds includes convertible bonds, corporate bonds, municipal bonds and government bonds. The weights are normalized to sum to one minus the reported holdings in cash. This allows us to see how excluding a bond market factor, as most studies of market timing have done, might affect the findings.
The results for the two-factor asset allocation model are summarized in All of these coefficients are statistically significant. In a two-factor Merton (1973) model the b coefficient for bonds depends on the elasticity of the marginal utility of wealth with respect to the bond factor and the variance of the bond factor, the latter being a relatively small number. This results in a scaled-up value of the parameter b.
The performance estimates in Table 2 suggest small but insignificant "negative" market level timing and small positive volatility timing ability, the latter consistent with Busse (1999) . The volatility timing coefficients are at the margins of statistical significance, with t-ratios of 2.02 or less. The combined performance measure is close to zero, at 9 basis points per quarter or less. We again find similar results when we further break each group of funds into thirds on the basis of their expense ratios, turnover, size or age (these results are not tabulated). Overall, this section shows that or framework reproduces results essentially similar to what previous studies of unconditional timing ability have found through other methods.
Selectivity and Multiple Benchmarks
Possibly, the weak evidence for investment ability at the asset allocation level is related to the use of CRSP data for the asset allocation weights. Now we bring in the holdings data and measure the portfolio weights, x, held by the fund in individual stocks.
We combine this with the CRSP data on holdings in bonds and normalize the weights to sum to one minus the CRSP reported holdings in cash. The asset allocation weights for the benchmarks are now derived "bottom up" from the individual stocks' betas, estimated using daily data over the full available sample for each stock. We consider two multifactor benchmarks: the FF3 factors and the Carhart (1997) 4-factor model. The results are summarized in Tables 3 and 4.   Table 3 presents results using the FF 3 factor benchmark. The point estimates of the parameter a and the b coefficient for the market factor are similar to the previous cases, but the b parameter is no longer statistically significant. The b coefficients on the HML and SMB factors are also not significant.
The timing performance results in Table 3 are essentially similar to the results using only the asset allocation weights. The selectivity ability term is small and statistically insignificant. The total alphas in Table 3 are economically small, at 14 basis points per quarter. The standard errors say that the alphas are also reliably close to zero. For example, for the US equity sample, the estimate of alpha is 11 basis points and the standard error is 14 basis points per quarter, so a two-standard error confidence band covers (-17, +39) basis point per quarter. These values are reliably smaller than the average of expense ratios plus trading costs. We find similar results when we further break each group of funds into thirds on the basis of their expense ratios, turnover, size and age (these results are not tabulated). Table 4 presents results using the Carhart 4-factor benchmark. All four of the b coefficient estimates are positive and the coefficients for the HML and SMB factors are now statistically significant. The performance results are similar to those for the FF 3 factor model.
Conditioning Information
Previous studies find that performance inferences about timing and overall performance can be sensitive to the effects of public information. In particular, Ferson and Schadt (1996) and Becker et al. (1999) find that market timing ability looks better in models that account for public information. Consistent with those studies, we find weak negative timing ability in the unconditional models, which combines to produce insignificant total alphas. Perhaps, conditional models can produce a different result. This section considers conditional versions of the models.
Conditional Models
The conditional models follow studies such as Cochrane (1996) and assume that the Newey-West covariance matrix using three lags is used in estimation of the standard errors, and the system is exactly identified. 8 Table 5 The performance results in Table 5 indicate insignificant overall market timing ability and the point estimates of both components of timing ability are individually insignificant. This is consistent with conditional performance evaluation studies such as Ferson and Schadt (1996) and Becker et al. (1999) . Moving to a conditional version of the CAPM removes any evidence of negative timing ability. The combined ability is reliably small. For example, for the Asset Allocation funds a two-standard error confidence band covers (-3, +9) basis points per quarter. We find similar results when we further break each group of funds into thirds on the basis of their expense ratios, turnover, size or age (these results are not tabulated).
We also examine a conditional asset allocation model with two factors: the market index and the bond index, similar to Table 2 . There is less evidence of time-varying SDF nonlinear models do not deliver any significant results. 8 We do not allow the components of ability to vary over time in this draft, focusing on the expected conditional alphas. It might be interesting to allow for time varying conditional coefficients in this model, consistent with the less-significant b coefficients in Table 2 . The overall flavor of the results is similar to that of the market timing example. We find no significant negative level timing in the conditional version of the asset allocation model.
The sum of the two components of timing ability is insignificant and numerically small.
In Table 6 we estimate a conditional version of the FF3 factor model and examine all three components of performance using the Thompson holdings data. The b-parameters for the market index are significantly-related to the lagged dividend yield, Tbill yield and Default spread, and we would also reject the hypothesis that the b-coefficient for the SMB factor is constant over time. The intercept and HML coefficients are not significantly time varying. The performance results indicate that the combined timing ability, considering both level and volatility timing, is small and positive but insignificant at the fund group level. The selectivity component is also insignificant. When we break each group of funds into thirds on the basis of their expense ratios, turnover, size or age we find similar results spread across virtually all of the groups.
We also estimate a conditional version of the Carhart 4-factor model. The bparameter for the market index is significantly-related to the lagged dividend yield and Tbill yield, but none of the other b-coefficients nor the a coefficient are significantly time varying. The combined timing ability is numerically close to zero and statistically insignificant. The selectivity component and total alpha are also insignificant. When we break each group of funds into thirds on the basis of their expense ratios, turnover, size or age we find similar results spread across virtually all of the groups.
In summary, the conditional models confirm previous evidence, using other alphas along the lines of Christopherson et al. (1998) . approaches. Allowing for both level and volatility timing behavior, the evidence for selectivity ability and positive overall performance is nil at the aggregate group levels. The economic magnitude of the performance is also reliably small.
Sorting Funds on Characteristics
It may not be surprising to find no significant performance at the level of large groups of funds, but there may be some individual funds with significant performance.
Previous studies have identified fund characteristics associated with differences in performance using other performance measures. We consider several characteristics in this section. These include the expense ratio, turnover, active share, return gap and factor model regression R-squares. The results are summarized in tables 7 and 8. We include for comparison purposes, the "characteristic selectivity" measure from Daniel, Grinblatt, Titman and Wermers (1997) , which is the first term of our Equation (10), and denoted as DGTWcs.
In panel A of Table 7 we sort funds into equally-weighted quintiles according to their most recently reported expense ratios. Consistent with previous studies, the DGTWcs measures are positive, with t-ratios larger than 1.9 for four of the five quintiles.
The measures are higher for the higher expense ratio funds, attaining about 1% per year for the highest expense ratio group, but the difference across the quintiles is not statistically significant. Grinblatt and Titman (1993) , Wermers (2000) and others find positive DGTWcs measures and suggest that US equity funds have positive selectivity ability on a before cost basis. Our new measures produce a different result. The combined performance alphas are positive, but less than 10 basis points per quarter for each group and the t-ratios are small.
In fact, all the components of performance, including the selectivity measures, are small and insignificant. The patterns suggest that the DGTWcs measures are likely biased by the omission of the other components. Six of the ten point estimates of timing ability are negative, and these combine with the selectivity components to produce small alphas in our models.
Amihud and Goyenko (2011) find that when funds are sorted according to the regression R-squares of the returns on standard factor models, the funds with lower Rsquares have higher subsequent performance. Panel B of Table 7 sorts funds in this way and examines our measures along with the DGTWcs measure. Here we find our strongest evidence of ability. Consistent with Amihud and Goyenko, the DGTWcs measure is larger for the lower R-square funds. Our selectivity measure also displays this pattern, and with economically similar magnitudes. The difference across the deciles is about 2.2% per year, but does not attain statistical significance. Our overall alpha measures vary substantially with the R-squares, ranging from zero to 87 basis points per quarter, and the difference between the high and low-R-square group sports a t-ratio over two. This difference, about 3.5% per year, is likely economically significant.
Cremers and Petajisto (2009) propose an "active share" measure, the mean absolute difference between the holdings of a fund and the holdings of the benchmark. Sorting funds on this measure, they find excess returns differ significantly, by about 2.5-3% per year across quintiles, and the more active funds deliver higher future returns. Petajisto graciously provides data for the active shares on his web page. Panel C of Table 7 sorts funds by the active shares and examines our performance measures along with the DGTWcs measure. The DGTWcs measures increase with the active shares and the levels are positive, but the differences across the groups are not statistically significant. Using our performance measures we find small and statistically insignificant performance, with no clear relation to the active shares. Both the selectivity measures and the overall alphas are precisely close to zero.
Cremers and Petajisto (2009) find a negative trend in funds' active shares over time,
and suggest that recent data may be influenced by more "closet indexing" among active mutual funds. Kim (2011) finds that the flow-performance relation in mutual funds attenuates after the year 2000, which could be related aggregate volatility that renders recent performance less informative, or to a trend toward more similar performance in the universe of managers. The earlier studies by Grinblatt and Titman (1993) , Wermers (2000) and others used data that do not cover the period after 2000. Perhaps, the evidence for investment ability has changed in the more recent data. In Table 8 we repeat some of the analyses from Table 7 , using the restricted 1984-1999 sample period. We also include analyses where we sort funds on return gap and turnover. We use daily fund returns to estimate the factor model R-squares. Since CRSP daily fund return data starts from 1999, we do not include the R-square measure in Table 8 .
In panel A of Table 8 funds are sorted into deciles on the basis of their most recentlyreported expense ratios, and the findings are similar to those in Table 7 . In Panel B we sort funds on their active shares and the results are similar to those in Table 7 , except our overall alpha estimates produce negative t-ratios larger than two in a couple of cases. Thus, we find no evidence that the findings of no performance using our measures are driven by the post 2000 data.
Kacperczyk, Sialm and Zheng (2007) find that sorting funds by their lagged one-year "return gap," defined as the difference between the reported, after cost return and the hypothetical holdings-based return, can predict subsequent performance using several performance measures. Sorting by return gap in Panel C of Table 8 , the DGTWcs measures are again positive and many appear statistically significant, but there are no clear patterns across the deciles. Using our performance measures we find marginally significant positive ability in a few cases, but no significant relation of performance to the return gap. 9
Wermers (2000) finds finds a positive relation between turnover and a fund's DGTWcs measure. We sort our sample of funds into quintiles based on turnover each year and estimate our models on each quintile portfolio. We find in Panel D of Table 8 like
Wermers, that the DGTWcs measure is higher for the higher turnover groups. The differences are marginally statistically significant. However, using our measures on either the Fama-French three-factor or the Carhart four-factor benchmarks, we find no significant relation of any performance measure to the turnover group. The overall alphas are economically small and precisely close to zero.
Precision and Power
Our findings of no significant performance naturally raise the question of statistical power. We are working on simulations to address that issue. However, it seems that the precision of the estimates is high, suggesting that we would have detected economically 9 The original Kacperczyk et al. (2007) return gap data are available on the RFS web site. We redo the analysis from 1984-2006 using these to sort the funds. We find that half of the DGTWcs measures for the deciles sport t-ratios larger than two and the measures range from 10 to 33 basis points per quarter but the difference between the highest and lowest return gap decile is not statistically significant. Our selectivity measures have a similar range and two of the t-ratios are lager than two. The only marginally statistically significant difference between the high and low return-gap deciles is for volatility timing, with a t-ratio of 1.9.
significant performance if it existed. For example, in tables 3-6 the average standard error of the alpha estimates is about 36 basis points per year, so performance of 1% per year would earn a t-ratio of about three. 10 The small t-ratios correspond to point estimates of performance that are economically small.
Additional Tests
We conduct some additional experiments to replicate some of the earlier work that found positive performance using weight-based performance measures. Grinblatt and Titman (1993) and DGTW (1997) study the persistence in their measures. We sort funds on the basis of previous estimates of each of our three components of performance each quarter. These estimates use the previous two years of data. This is a short sample for estimation, no doubt resulting in noisy estimates, but if we require that a fund survive for a longer period, the survival selection induced bias can create spurious persistence (e.g. Brown et al. 1992) . We find no evidence of persistence in any of our measures.
Studies such as Ferson and Qian (2004) , Moskowitz (2000) , Kowsowski (2011 ), Glode (2010 and Kacperczyk, Nieuwerburgh and Veldcamp (2011) suggest that fund performance may vary over the state of the business cycle, possibly with stronger performance in recession periods. However, DeSouza and Lynch (2011) criticize some of these studies for using NBER reference cycles, which are only available ex post, to condition the analysis. They find that the evidence for business cycle variation in performance weakens substantially or disappears when ex ante conditioning variables are used. We estimate a probit model for the likelihood of a recession and break the sample up into high, medium and low recession probability subsamples. While we find a higher incidence of tratios above 2.0 that would be expected by chance in the recession-state-conditioned performance measures (nine out of 45 cases), but there is no clear pattern in their incidence.
Conclusions
To measure the total investment performance of a portfolio manager who may engage in market timing, it is necessary to consider both level and volatility timing behavior as well as selectivity ability. This paper develops and implements simple measures of performance that account for all three components and shows that a wellspecified measure of total performance is a weighted sum of the three components.
Estimating the measures on US mutual funds, we find some evidence consistent with previous studies, such as weak negative market level timing and weak positive volatility timing, when some of the terms are omitted from the model as they were in earlier studies.
But, when all three terms are present we find virtually no evidence of ability at the fund group level or for individual funds sorted according to various fund characteristics that previous research has found to be related to performance. The exception is the regression R-squared from regressing the funds' returns on common factors, where we confirm a finding from Amihud and Goyenko (2011) that the low R-square funds have stronger performance. With this exception, our results seem to confirm the results of recent studies such as Fama and French (2011) there is little evidence of ability. The results also suggest that Busse's (1999) finding of volatility timing behavior is not robust, and that previous studies finding ability using weight based measures may have been biased by omitted order of 25 basis points per month.
Table 1 Components of Performance in a Market Timing Setting
This table summarizes results when the unconditional CAPM defines the benchmark, using CRSP data on mutual funds' weights in stock. The sample covers January of 1984 through December of 2010. The GMM with a Newey-West lag of three is used for estimation. Level timing is the estimate of αm, volatility timing is the estimate of α σ and their sum represents the total market timing performance. NObs is the number of time series observations of the fund group used for the estimation. Panel A reports GMM estimates of a and b in the system (11). 
Table 2 Components of Performance in an Asset Allocation Setting
This table summarizes results for asset allocation performance in a two-factor setting, where the stock market index and a bond index are the benchmarks, using CRSP data on mutual funds' asset allocation weights in stocks and bonds. The bond index is the Barclays US Aggregate bond index and the stock market index is the CRSP value-weighted market index. The sample covers January of 1984 through December of 2010. The GMM with a Newey-West lag of three is used for estimation. Level timing is the estimate of αm, volatility timing is the estimate of α σ and their sum represents the total asset allocation performance. NObs is the number of time series observations of the fund group used for the estimation. Panel A reports GMM estimates of a and b in the system (11). This table reports estimate of alpha and its decomposition into market timing, volatility timing, and selectivity. The FF 3 factors define the benchmark. The sample covers January of 1984 through December of 2010. The GMM with a Newey-West covariance matrix with three lags is used for estimation. Level timing is the estimate of αm, volatility timing is the estimate of α σ and selectivity is the estimate of αs. Total fund alpha is the sum of the components. NObs is the number of the time series observations of the fund group used for the estimation. Panel A reports the GMM estimates of a and b. This table reports estimate of alpha and its decomposition into market timing, volatility timing, and selectivity. The Carhart 4 factors are the benchmarks. The sample covers January of 1984 through December of 2010. The GMM with a Newey-West covariance matrix with three lags is used for estimation. Level timing is the estimate of αm, volatility timing is the estimate of α σ and selectivity is the estimate of αs. Total fund alpha is the sum of the components. NObs is the number of the time series observations of the fund group used for the estimation. Panel A reports the GMM estimates of a and b. Table 7 Performance of individual funds, sorting on various predetermined fund characteristics.
This table reports estimate of alpha and its decomposition into market timing, volatility timing, and selectivity. The Carhart 4 factors define the benchmark. The sample covers January of 1984 through December of 2010. The GMM with a Newey-West covariance matrix with three lags is used for estimation. DGTWcs is the characteristic selectivity measure of Daniel, Grinblatt, Titman and Wermers (1997) . This table replicates Table 7 , restricting the analysis to (1984:01-1999:12) . This table reports estimate of alpha and its decomposition into market timing, volatility timing, and selectivity. The Carhart 4 factors are the benchmarks. The sample covers January of 1984 through December of 2010. The GMM with a Newey-West covariance matrix with three lags is used for estimation. DGTWcs is the characteristic selectivity measure of Daniel, Grinblatt, Titman and Wermers (1997) . 
